Reviewers' comments:
Reviewer #3 (Remarks to the Author):

revised ms is acceptable

Reviewer #4 (Remarks to the Author):

Szabo and colleagues generated a scRNA-seq dataset comprising more than 50,000 resting and
activated T cells from lung, lymph nodes, and bone marrow samples collected from two deceased
donors, and from blood samples collected from two healthy donors.

Through bioinformatics analysis, they identified:

» A tissue-specific gene signature that distinguishes tissue-resident T cells from circulating T cells;
e T-cell transcriptional fingerprints shared by blood- and tissue-specific T cells;
e Two novel candidate markers of CD4+ T cell activation that they could validate in vitro.

They further showed how to leverage the data generated in this study (referred to as “reference
map”) to investigate the cellular composition of external scRNA-seq datasets.

The amount of experimental and bioinformatic work is impressive and sheds some light on an
important and debated topic in immunology: T-cell phenotypes and transcriptional programs in
different tissue contexts.

However, I have a few major concerns regarding:

¢ The possibility to consider this dataset as a definitive T-cell reference map in blood and tissues;
e The robustness of the bioinformatics methods and results given the state of the art in scRNA-seq
data analysis;

e The clarity of the described analytical approaches.

In the following, I first motivate and detail these concerns, and then provide some suggestions on
other major and minor points.

REFERENCE MAP

The authors stress in several sections of the manuscript how this dataset can be considered a
reference map for future studies. However, due to the limitations in terms of sample size (two donors
per tissues) and total tissues (four), these data might under-represent the real biological variability of
T-cell transcriptional programs in different individuals and tissues. Thus, I would suggest toning down
this kind of claims (e.g. “comprehensive baseline of healthy T cells states in humans”, |. 76-77) and
discuss openly possible limitations of the present study in the Discussion section.

Despite these limitations, this dataset represents a valuable resource that should be rendered more
easily usable, especially if the intent is to propose it as a reference for future single-cell studies.

For instance, how can this “reference map” be reconstructed easily from the data available on GEO
and used for interpretation of the external dataset? This kind analysis could be made easily accessible
by providing the preprocessed reference in a convenient format, together with some (R?) code to run
the comparison (e.g. to generate plots similar to those of Fig. 6b).

Alternatively, tools based on reference count matrices, like scmap (PMID: 29608555), could be used.
I would include some information in this sense to guide the readers in this kind of analysis.

METHOD ROBUSTNESS



The authors present the bioinformatics methods adopted as “innovative” (l. 87), which I agree with.
However, the field of scRNA-seq data analysis is fast-paced and far from being standardized. Many
methods are available for the same analytical task, rely heavily on parameter setting and data
preprocessing, and often return different results. Thus, the robustness of methods and results has to
be endorsed by using orthogonal methods.

For instance, I would suggest considering these methods in parallel with the analyses already
performed:

* Projection of a query scRNA-seq dataset on a reference dataset with scmap (PMID: 29608555);
¢ Integration of different datasets with Seurat 3 (PMID: 31178118, see the description about the
identification of “anchor” cells);

¢ Single-cell classification with SingleR (PMID: 30643263).

These methods are also useful to confirm the projections of Fig. 2 and 6.

Finally, approaches like those implemented Seurat might be useful to integrate and harmonize several
T-cell datasets to really provide an ultimate reference map. This is probably out of the scope of the
current manuscript, but still worth mentioning in the Discussion section as a future development.

CLARITY OF METHOD DESCRIPTION

In the Methods section, the description of the cell-type identification and scHPF analyses should be
improved to facilitate understanding and reproducibility.

I understand that cell-type identification was performed in three major steps:

1. Clustering for each donor separately, all tissues together, expecting K=12 clusters.
2. Cell-type classification.
3. Further selection of cell-type specific genes to be shown in Fig. 1c.

The Methods section should describe clearly how steps 2 and 3 where performed, so to allow
reproducibility.

Regarding step 2, I point out that recent best practices (PMID: 31217225) suggest integrating
automatic (like SingleR) and manual approaches (based on prior knowledge of marker genes) to
annotate cell types in large datasets like this one.

Similarly, for scHPF analysis:

1. Identification of factors specific for each sample (i.e. tissue-donor) using scHPF.
2. Clustering of the factor-factor correlation matrix to identify major modules.
3. Annotation/interpretation of modules.

Regarding step 2, I think the terminology is a bit confusing: are "modules” and “"models” the same
thing? Also, the sentence about the seven models mentioned at |. 629-630 is probably too premature
and confusing because, at this point, only factors are identified, not modules.

Step 3 requires a careful description of how the modules were annotated and why two modules could
not be annotated. If possible, module-specific genes should be reported also for these two modules in
Suppl. Table 7.

Please, also double check that the gene sets identified and used in Fig. 1c (differentiating T cell
lineages), Fig. 3a-c (DEGSs), and Fig. 3e (tissue signature) are fully reported in the Supplementary
Material and referenced in the main text, and that the exact procedures for their identification is
described in a Methods sub-section. The underlying methods and final gene-set results are not
straightforward to picture out from the current manuscript.



MAJOR POINTS

I do not agree with the following sentence (I. 113-115): “T cells from BM and LN co-clustered while LG
T cells were more distinct (Fig. 1b), consistent with T cell subset composition differences in these sites
from phenotype analysis”.

UMAP plots show clustering of cells based on similarities of the transcriptional profiles of single-cells,
whereas sample composition is an overall quantification of the different cell subtypes. These two
aspects do not have a 1:1 correspondence but rather provide complementary insights. Also, the
cellular composition is not easy to visualize from overlapping UMAP points.

I would suggest rephrasing, as well as integrating both types of information in these plots (e.g. Fig.
6b), by showing both the UMAP plot and, next to it, a small, stacked barplot representing the cellular
composition.

In addition, it should be mentioned in the text that the quantification of cell subtypes from scRNA-seq
data might be biased by single-cell dissociation efficiencies (PMID: 30345255).

Being this work mainly based on dry- rather than wet-lab work, I am wondering whether you can
confirm the results of your “kinetic analysis” of CD4+ T cells (p. 12) also computationally, for instance
through analysis of CD4+ T cell “velocity” (PMID: 30089906) and evolution in pseudotime of the
expression of the IFIT3 and NME1 genes (PMID: 24658644).

The transcriptional profiles of tumor-infiltrating CD8+ T cell were found to be consistent across all
tissues, whereas the CD4+ T cell phenotypes were more variable. Could this result be due to a bias in
the set of highly variable genes considered, as many of them were CD4-T-cell-specific, and much
fewer CD8-T-cell-specific (as shown in Fig. 1c heatmap)?

Some interesting and original results might be put in a better light by discussing them more deeply.
For instance, is there anything in the literature supporting the association found in this study between
localization of T cells and structural changes?

Also, Treg transcriptional fingerprints have been previously reported to be very plastic and variable
across tissues, and in your dataset seem to also differ between donors (Fig. 1b-c, resting in D1,
activated in D2). Some discussion about the Treg phenotypes found in the different tissues of the
present study would be extremely interesting for the scientific community.

Besides Tregs, there is a lot of debate about the variability of immune-cell transcriptional profiles in
different tissue and disease contexts, and on whether these differences should be taken into account
by deconvolution methods for the quantification of cell subtypes from bulk transcriptomic data (PMID:
29541787). As you identified both tissue-dependent and -independent markers, a discussion of these
aspects might provide valuable guidance for the researchers in this field.

I agree that the current study can provide a basis to study T-cell phenotypes in cancer, but I find the
analysis proposed too limited and not really conclusive. Thus, I would suggest investigating a bit more
its relevance for cancer immunology.

One idea could be, for example, to test the prognostic and predictive value of the selected CD4-T-cell-
activation markers using data from TCGA or from patients treated with immune checkpoint blockers,
respectively.

MINOR POINTS:
“CD3+T” (and similar ones) should be corrected to “"CD3+ T” (with spaces after “+").

Please provide some rationale for the parameter setting presented in the Methods section (e.g.
Louvain clustering with K=12 or DMAPS kernel bandwidth of 4).



I would put the heatmaps of Fig. 1c in a separated panel (Fig. 1d) and use the same ordering of genes
for the two heatmaps so to ease comparison.

In the second plot of Fig. 3f, the palette does not allow distinguishing well the groups.

For the reasons explained above, I would not call the tissue gene signature “universal” (I. 148).

Fig. 3a-c and the relative captions are a bit confusing. How were the red genes selected? The “several
highlighted in red” explanation does not help in this sense. I would rather show the differentially
expressed genes selected, together with the lines identifying the thresholds specified in the methods:

p-adj 0.05, logFC >2 (I. 573).

What is exactly the Source Data (l. 961-962)? What do the clusters (1-10) on the columns of this file
correspond to?

Please, revise the following sentence (1.953-956) to better clarify what is presented in Fig. 3d and
what is the meaning of “certain genes”: “Heatmap shows z-scored average expression for all genes in
the tissue signature from (d) among the resting CCL5+ 954 T cells from each tissue and blood sample
plus that of the rare blood subpopulation from (d), which expresses high levels of certain genes”.

I would add x- and y-axis labels to Suppl. Fig. 7a.

Where is it explained in the Methods how were the diffusion maps built?

I would add the number of samples/replicates to Fig. 5 panels.

What is the intended meaning of “biased” in the sentence at |. 261?

How were exhaustion markers quantified as a single variable in Fig. 7?

The association between a subset of CD8+ T cells with proliferation markers discussed at |. 312-314
would be probably more easily measured and visualized by using the “proliferation module” previously

identified, instead of the single markers (which might also be sensitive to dropout).

What is the intended meaning of “relationship” at . 333? Are you referring to transcriptional/functional
differences between the two types of TEM? Please, clarify.

Throughout the manuscript, I would suggest referring to “transcriptional profiles” rather than
“functional states” of T cells, as the actual functional states were not assessed in the study, but only
the transcriptomes that could underlie them.

What is the rationale behind the selection of models with padj >= 0.05 9 (l. 636)?



Point by Point Response to Reviewers
NCOMMS-19-16425A
“A single-cell reference map for human blood and tissue T cell activation reveals functional
states in health and disease”
Corresponding Authors: Donna L. Farber and Peter A. Sims

We are submitting a revised version of our manuscript for consideration that addresses Reviewer
4’s comments. We have included new data and analysis, along with corresponding revisions and
clarifications in the revised manuscript, indicated by underlining in the text. Below, we present
an itemized response to each comment, including a description of corresponding revisions to the
text and figures.

Reviewer 4:

Reviewer 4 enumerated the main findings of our study, stating that *“The amount of experimental
and bioinformatic work is impressive and sheds some light on an important and debated topic in
immunology: T-cell phenotypes and transcriptional programs in different tissue contexts.
However, | have a few major concerns regarding: The possibility to consider this dataset as a
definitive T-cell reference map in blood and tissues; The robustness of the bioinformatics
methods and results given the state of the art in SCRNA-seq data analysis; The clarity of the
described analytical approaches.

Response: We appreciate the positive comments of the reviewer regarding the key novel findings
and the importance of the study. We have separately addressed the major concerns as itemized
below.

REFERENCE MAP

1) The authors stress in several sections of the manuscript how this dataset can be considered a
reference map for future studies. However, due to the limitations in terms of sample size (two
donors per tissues) and total tissues (four), these data might under-represent the real biological
variability of T-cell transcriptional programs in different individuals and tissues. Thus, | would
suggest toning down this kind of claims (e.g. ““comprehensive baseline of healthy T cells states in
humans™, I. 76-77) and discuss openly possible limitations of the present study in the Discussion
section.

Response: We have removed the word “comprehensive” and qualified the text as suggested (pgs.
4, 16), and added a brief discussion about the limitations of our study and the potential of our
reference map to inform studies on human T cells in health and disease (pg. 18 and below).

“Limitations of the study include that the select tissues and donors profiled here may not
include the full diversity of T cell transcriptional programs throughout the body, and that
quantification of cell types may be subject to dissociation biases between the individual
tissues™2. Importantly, our dataset establishes a starting point for the integration of other
T cell scRNA-seq datasets to ultimately capture the full breadth of T cells states in
humans. International collaborative efforts like the Human Cell Atlas® are now underway,
generating comprehensive scRNA-seq datasets profiling a diverse range of cells,
including T cells and their transcriptional states. Recently developed computational tools



including scVI*, mutual nearest neighbors®, Seurat v3®, Conos’, and Scanorama® will be
useful for this integration and as a guide for future studies. In this way, our novel
reference map can serve as a valuable resource for the ongoing study of human T cell
immunity in disease, immunotherapies, vaccines and infections, with the ultimate goal of
diagnosing, screening and monitoring immune responses.”

2) Despite these limitations, this dataset represents a valuable resource that should be rendered
more easily usable, especially if the intent is to propose it as a reference for future single-cell
studies. For instance, how can this ““reference map”” be reconstructed easily from the data
available on GEO and used for interpretation of the external dataset? This kind analysis could
be made easily accessible by providing the preprocessed reference in a convenient format,
together with some (R?) code to run the comparison (e.g. to generate plots similar to those of
Fig. 6b). Alternatively, tools based on reference count matrices, like scmap (PMID: 29608555),
could be used. I would include some information in this sense to guide the readers in this kind of
analysis.

Response: We have uploaded a Table (GSE126030) to GEO containing the preprocessed data
matrix of molecular counts for the cells profiled in our study. For convenience, we have included
the cell-identifying barcodes for cells designated as T cells (see Methods) as part of the source
data file for Fig. 6 where we present the complete reference map and its annotations (referred to
on pg. 35). Furthermore, we have updated the text (pg. 35) to include the code for marker
selection, clustering, and differential expression analysis (available at
https://github.com/simslab/cluster_diffex2018, along with a tutorial detailing its use). Similarly,
the code and tutorial for scHPF is available at https://github.com/simslab/scHPF. Lastly, the code
for projection is now available at: https://github.com/simslab/umap_projection. Together with
the available code and reference count matrices, readers will be able to more easily reconstruct
our data and utilize the reference map for future studies.

METHOD ROBUSTNESS

3) The authors present the bioinformatics methods adopted as “innovative” (I. 87), which I
agree with. However, the field of sScRNA-seq data analysis is fast-paced and far from being
standardized. Many methods are available for the same analytical task, rely heavily on
parameter setting and data preprocessing, and often return different results. Thus, the
robustness of methods and results has to be endorsed by using orthogonal methods.For instance,
I would suggest considering these methods in parallel with the analyses already performed:

* Projection of a query sScRNA-seq dataset on a reference dataset with scmap (PMID:
29608555);

* Integration of different datasets with Seurat 3 (PMID: 31178118, see the description about the
identification of ““anchor’ cells);

« Single-cell classification with SingleR (PMID: 30643263).

These methods are also useful to confirm the projections of Fig. 2 and 6.

Finally, approaches like those implemented Seurat might be useful to integrate and harmonize
several T-cell datasets to really provide an ultimate reference map. This is probably out of the
scope of the current manuscript, but still worth mentioning in the Discussion section as a future
development.



Response: We agree that validating computational results for the projections in Fig. 2 and 6
using orthogonal bioinformatic methods would strengthen our conclusions. As suggested, we
repeated these analyses using scmap?®, yielding projections that were both qualitatively and
quantitatively consistent with our original UMAP projections (pg. 8, 26 and Supplementary Fig.
4 for Fig 2; pg. 14, 34 and Supplementary Fig. 15 for Fig. 6). Projections in scmap were highly
correlated with those generated by UMAP across all datasets. Consistent with our findings in
Fig. 2, T cells from blood projected onto T cells from bone marrow (BM), indicating that the
blood T cell transcriptional profile is most similar to T cells from BM. In tumor-associated T
cells (Fig 6.), analysis with scmap recapitulated findings obtained using UMAP, including a lack
of activated CD4* T cells and high concentrations of Tregs and functionally activated CD8*T
cells in T cells derived from all tumor sites (Supplementary Fig. 15). There are some differences
in the projection patterns obtained with scmap compared to UMAP, due to the different
algorithms; scmap identifies the 10 most closely matched cells in the reference dataset, while
UMAP depicts similarities based on the distance of individual cells compared to all other cells.
The most prominent difference between scmap and the UMAP-based method is that cells
projected with scmap cannot fall outside the boundaries of the reference map, while in UMAP
some cells project outside the reference map, based on quantitative differences between cells.

The reviewer mentions additional methods for identifying correspondences between cells as
done in Figs. 2 and 6, including SingleR and Seurat v3, the latter published after our manuscript
was submitted. SingleR is a tool for annotating SCRNA-seq data based on reference data from
purified populations such as bulk RNAseq data; however, our dataset derives from tissue T cells
and T cells activated for specific times for which reference datasets are not available. Therefore,
singleR does not appear to be directly applicable to address similar questions that we
investigated in this study. Seurat v3°, uses a different approach for comparing datasets by
combining reference and query datasets together, generating new maps and clusters, which could
be an interesting extension of our findings outside the scope of the present study. The data
projection approaches we implemented here allow one to keep the reference map embedding
constant while different data sets are projected onto it, which simplifies the comparison and
visualization of multiple data sets. We have included statements about how using Seurat and
other new methods for integrating and harmonizing datasets® 1% will be an important area for
future studies of human T cells in health and disease (pg. 18 and see response for comment #1
above).

CLARITY OF METHOD DESCRIPTION

5) In the Methods section, the description of the cell-type identification and scHPF analyses
should be improved to facilitate understanding and reproducibility. I understand that cell-type
identification was performed in three major steps:

1. Clustering for each donor separately, all tissues together, expecting K=12 clusters.

2. Cell-type classification.

3. Further selection of cell-type specific genes to be shown in Fig. 1c.

The Methods section should describe clearly how steps 2 and 3 where performed, so to allow
reproducibility.



Regarding step 2, | point out that recent best practices (PMID: 31217225) suggest integrating
automatic (like SingleR) and manual approaches (based on prior knowledge of marker genes) to
annotate cell types in large datasets like this one.

Response: We have included a comprehensive methods section, detailing all aspects of the cell
acquisition, isolation and phenotypic and functional profiling, single cell transcriptome profiling
and the many different analysis approaches used for the data. As suggested, we have provided
additional information in both the methods and figure legends to more clearly describe how cell
types and subset-specific genes were identified from the SSRNAseq data in the revised
manuscript. Importantly, the clustering was performed using the Phenograph implementation of
Louvain clustering which is unsupervised and does not require the user to pre-determine the
number of clusters. The parameter k=12 refers to the number of nearest neighbor cells assigned
to each cell in the k-nearest neighbors graph generated prior to clustering.

We have revised the legend to Fig. 1c to include the methods for how genes were curated for

visualization (step 3 above) as follows:

“Heatmaps show z-scored average expression of curated T cell subset marker
genes that had a fold change >2 and p <0.05 by the binomial test for at least one
cluster. Genes are ordered by the cluster in which they have the highest fold
change.” (pg. 40)

In the methods, we added the following sentence to the description of clustering:
“Differentially expressed genes for cells in each cluster versus all other cells were
determined using a binomial test™ (Supplementary Table 5,6).” (pg. 25)

Finally, we have added the following statement to the Code Availability section:

“Code for marker selection, clustering, and differential expression is available at
https://github.com/simslab/cluster_diffex2018.” (Methods, pg. 35)

With respect to cluster labeling in Fig. 1 (step 2 above), we annotated clusters based on
activation condition (i.e., whether the cell derived from a resting or activated sample), CD4:CD8
expression ratio (pg. 25), and expression of established T cell marker genes denoting effector
memory (TEM), tissue resident memory (TRM), terminally differentiated effector cells
(TEMRA), and regulatory T cells (Treg), as indicated in the legend to Fig.1. These cluster
classifications were not used in downstream analysis, and several clusters were not annotated as
specific subsets but designated based on sample origin as “CD4 Rest” or “CD4 Act”.

Finally, we note that automatic approaches to subset annotation (e.g. SingleR) are not applicable
to our data because appropriate reference data for T cells in healthy tissues does not yet exist (see
above). In particular, many of our profiled T cells are in an activated state, and not readily
amenable to cell type annotation from bulk transcriptomic data (see comment above).

6) Similarly, for scHPF analysis:

1. Identification of factors specific for each sample (i.e. tissue-donor) using scHPF.
2. Clustering of the factor-factor correlation matrix to identify major modules.

3. Annotation/interpretation of modules.



Regarding step 2, | think the terminology is a bit confusing: are “modules” and “models” the
same thing? Also, the sentence about the seven models mentioned at |. 629-630 is probably too
premature and confusing because, at this point, only factors are identified, not modules.

Step 3 requires a careful description of how the modules were annotated and why two modules
could not be annotated. If possible, module-specific genes should be reported also for these two
modules in Suppl. Table 7.

Response: To clarify, we have replaced the word “models” with “factorizations” as shown below
and in the methods (pg. 29-30):

“scHPF was run with default parameters for seven values of K, the number of

factors, equal to all values between 6-12 inclusively. This resulted in seven

candidate scHPF factorizations per merged dataset”.

Our objective with this analysis was to identify gene signatures that were highly conserved
across tissues and donors. As described in the Methods (pg. 30), “we focused on seven modules
(out of nine) whose factors had a mean pairwise correlations greater than 0.25”. We did not
examine the two modules that failed to meet this threshold because their factors were not well
correlated with each other, and thus it was not clear that they represented coherent patterns that
were common across donors and tissue. As we now describe in the main text (pg. 10), “modules
were annotated based on known markers among their highest scoring genes, association with
resting or activated states, and CD4:CD8 ratio”.

7) Please, also double check that the gene sets identified and used in Fig. 1c (differentiating T
cell lineages), Fig. 3a-c (DEGS), and Fig. 3e (tissue signature) are fully reported in the
Supplementary Material and referenced in the main text, and that the exact procedures for their
identification is described in a Methods sub-section. The underlying methods and final gene-set
results are not straightforward to picture out from the current manuscript.

Response: P-values and effect sizes for all genes in all clusters, some of which were chosen for
visualization in Fig. 1c are reported in Supplementary Tables 5 & 6. As described above, we
have added the following sentence in the methods to clarify:
“Differentially expressed genes for cells in each cluster versus all other cells were
determined using a binomial test'* (Supplementary Table 5,6).” (pg. 25)
Additionally, the specific genes visualized in Fig. 1c and all data for Fig. 3a-e and their
associated expression values are reported in the Source Data files for those figures (now
explicitly stated for each figure in the legend). The procedures by which they are
generated are detailed in the methods, under the heading “Coarse-grained clustering of T
cells from each donor” for Fig. 1c, and the heading “Comparison of TEM cells from
tissue and blood” for Fig. 3a-e.

MAJOR POINTS:

8) I do not agree with the following sentence (I. 113-115): “T cells from BM and LN co-clustered
while LG T cells were more distinct (Fig. 1b), consistent with T cell subset composition
differences in these sites from phenotype analysis”’.UMAP plots show clustering of cells based
on similarities of the transcriptional profiles of single-cells, whereas sample composition is an



overall quantification of the different cell subtypes. These two aspects do not have a 1:1
correspondence but rather provide complementary insights. Also, the cellular composition is not
easy to visualize from overlapping UMAP points. | would suggest rephrasing, as well as
integrating both types of information in these plots (e.g. Fig. 6b), by showing both the UMAP
plot and, next to it, a small, stacked barplot representing the cellular composition.

In addition, it should be mentioned in the text that the quantification of cell subtypes from
SCRNA-seq data might be biased by single-cell dissociation efficiencies (PMID: 30345255).

Response: We have rephrased the text:

“T cells from BM and LN co-localized while LG T cells were more distinct (Fig.

1b), consistent with the greater proportion of CD8*T cells and TRM phenotype

cells in LG relative to the two lymphoid sites (Supplementary Fig. 2).” (pg. 6)
For visual clarity, we have included pie charts of tissue T cell subset composition and stacked
bar charts denoted tissue-resident memory phenotypes in Supplementary Fig. 2. We have also
altered the text (pg. 18) to note that the quantification of cell types in our study may also be
subject to dissociation biases between the individual tissues 212,

9) Being this work mainly based on dry- rather than wet-lab work, I am wondering whether you
can confirm the results of your ““kinetic analysis™ of CD4+ T cells (p. 12) also computationally,
for instance through analysis of CD4+ T cell *“velocity” (PMID: 30089906) and evolution in
pseudotime of the expression of the IFIT3 and NME1 genes (PMID: 24658644).

Response: Our conclusions regarding the temporal ordering of gene expression following T cell
activation are based on computational (“dry lab™) inferences, and validated by experimental
(“wetlab™) findings. Specifically, the identification of IFIT3 and NMEL1 as having distinct
kinetics of expression following T cell activation was suggested from activation trajectories of
the sScCRNAseq data generated using diffusion component analysis (Fig. 4), giving a
pseudotemporal ordering of the IFN response module (marked by IFIT3 expression) relative to
the Proliferation module (marked by NME1 expression) shown in Fig. 4d. This analysis is based
on trajectory inference with diffusion component analysis!3. We then sought to validate this
computationally inferred ordering, using an experimental time course of human T cell activation,
quantitating gene expression Kinetics by gPCR as shown in Fig. 5. The time course confirmed
that IFIT3 expression is upregulated early after T cell activation, reaches peak levels by 16hrs
and declines thereafter (24-48hrs), while NMEL exhibits sustained upregulation 8-72hrs after
activation. RNA velocity analysis is another computational approach to infer the directionality of
cell state transitions for each cell; however, the realtime experimental results directly
demonstrate the gene expression Kinetics.

10) The transcriptional profiles of tumor-infiltrating CD8+ T cell were found to be consistent
across all tissues, whereas the CD4+ T cell phenotypes were more variable. Could this result be
due to a bias in the set of highly variable genes considered, as many of them were CD4-T-cell-
specific, and much fewer CD8-T-cell-specific (as shown in Fig. 1¢c heatmap)?

Response: The heatmap in Fig. 1c shows a curated list of marker genes that were only used in the
visualization for this figure, but were not used as highly variable genes for clustering (or for any
analysis in the paper). The 315 highly variable genes used for projections and clustering are



listed in Supplementary Table 4 and have good representation of genes associated with both
subsets.

11) Some interesting and original results might be put in a better light by discussing them more
deeply. For instance, is there anything in the literature supporting the association found in this
study between localization of T cells and structural changes?

Response: Our scRNAseq analysis reveals that tissue T cells exhibit changes in expression of
key cytoskeletal and structural genes, which is a novel finding of this study. Previous
investigations of human tissue T cells by our own laboratory and others have focused on
identifying transcriptional and phenotypic profiles of tissue resident memory T cells'**or their
adaptations to specific tissue sites!®!° using population RNA-seq. These previous studies have
identified specific cell surface markers and functional profiles associated with TRM compared to
circulating T cells in tissues and blood. In the present study, we query the individual
transcriptomes of all T cells found within specific tissues compared to blood, revealing both
TRM-associated genes and additional highly differentially expressed genes involved in cellular
structure and cell-matrix interactions. Whether these changes are a common functional
adaptation required for T cells entering and/or residing in tissue will be an important avenue for
further research. We have modified the text in the discussion to further highlight these points

(pg. 16).

12) Also, Treg transcriptional fingerprints have been previously reported to be very plastic and
variable across tissues, and in your dataset seem to also differ between donors (Fig. 1b-c,
resting in D1, activated in D2). Some discussion about the Treg phenotypes found in the different
tissues of the present study would be extremely interesting for the scientific community.

Response: We agree that differences in Treg transcriptional profiles is an important research
direction for future work. However, due to the very small numbers of Tregs in some tissues,
there is not sufficient power to address this issue in the current study.

13) Besides Tregs, there is a lot of debate about the variability of immune-cell transcriptional
profiles in different tissue and disease contexts, and on whether these differences should be taken
into account by deconvolution methods for the quantification of cell subtypes from bulk
transcriptomic data (PMID: 29541787). As you identified both tissue-dependent and -
independent markers, a discussion of these aspects might provide valuable guidance for the
researchers in this field.

Response: We agree that single-cell RNA-seq profiles and markers are an invaluable resource
for deconvolution of bulk RNA-seq, which requires cell type-specific profiles or marker genes as
input. While some of the markers we identified for tissues and activation states could be useful in
this context, many of the markers are not necessarily specific for T cells. While our dataset may
provide candidate markers for deconvolution of bulk mixtures of T cells to identify tissue-
derived subsets or functional states, more validation is needed.

14) | agree that the current study can provide a basis to study T-cell phenotypes in cancer, but |
find the analysis proposed too limited and not really conclusive. Thus, | would suggest



investigating a bit more its relevance for cancer immunology. One idea could be, for example, to
test the prognostic and predictive value of the selected CD4-T-cell-activation markers using data
from TCGA or from patients treated with immune checkpoint blockers, respectively.

Response: We demonstrate how our reference dataset can be applied to analyzing TILS from 4
different cancers profiled by different labs using different technologies. Importantly, our
comparison showed highly consistent results across the four studies—that TILS contained
functional effector CD8+ T cells and Tregs but lacked activated CD4+ T cells. These consistent
findings indicate the robustness of our reference dataset. We further show that canonical markers
of T cell exhaustion —a functional state associated with TILs, were also upregulated by activated
T cells derived from healthy tissues. These results reveal the importance of obtaining baseline
healthy profiles for high resolution analysis of T cells in disease on the single cell level, as we
also emphasize in the discussion (p. 18). Moreover, researchers focused on cancer immunology
can use and apply our findings to more large-scale assessments of T cells in different cancers,
multiple patients and in the presence of immunotherapies. Such analyses are well beyond the
scope of our study.

MINOR POINTS:
15) “CD3+T” (and similar ones) should be corrected to “CD3+ T (with spaces after “+”’).
Response: We have adjusted the text as suggested.

16) Please provide some rationale for the parameter setting presented in the Methods section
(e.g. Louvain clustering with K=12 or DMAPS kernel bandwidth of 4).

Response: In Louvain clustering, not every cell is assigned to a cluster, and so it is important to
choose parameters that minimize the number of unassigned cells. We chose K=12 because it was
the highest resolution we could achieve without having a very large number of cells unassigned.
The DMAPS kernel bandwidth was selected based on the heuristic suggested in Coifman et al*°
which states that the kernel bandwidth epsilon should fall within the linear range of a plot of a
logscale plot of the sum over the Laplacian matrix elements (W _ij) vs. epsilon. We chose epsilon
= 4 because it is the minimum value of epsilon in the linear range of the average plot for this data
set, which we reasoned would give us the lowest noise trajectory without violating the heuristic
as shown below:



More importantly, the overall shape of the diffusion trajectories are relatively insensitive to the
choice of epsilon for values within the linear range of the above plot (eps>4) as shown here for
CD4+ T cells from the lung of Donor 1:
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17) 1 would put the heatmaps of Fig. 1c in a separated panel (Fig. 1d) and use the same ordering
of genes for the two heatmaps so to ease comparison.

Response: In Fig. 1c, the left side shows the UMAP projection of individual clusters for each
tissue donor delineating distinct cell populations as determined by k-nearest neighbor analysis
with each cluster is assigned an arbitrary number. The key differentially expressed genes which
define each cluster are shown in the heat map on the right. The genes shown in each heatmap are
a curated set of differentially expressed markers ordered by the cluster in which they have their
maximum enrichment, as now indicated in the legend (p. 42). While the cluster numbers and
gene lists generally agree for both donors, there are some differences in the gene rankings which
are computationally determined.

18) In the second plot of Fig. 3f, the palette does not allow distinguishing well the groups.
Response: We have adjusted the colors to highlight the differences between the groups.

19) For the reasons explained above, | would not call the tissue gene signature ““universal’ (.
148).

Response: We have revised the heading on pg.8 to “identification of a tissue gene signature
common to multiple sites”.

20) Fig. 3a-c and the relative captions are a bit confusing. How were the red genes selected?
The ““several highlighted in red” explanation does not help in this sense. | would rather show the
differentially expressed genes selected, together with the lines identifying the thresholds specified
in the methods: p-adj 0.05, logFC >2 (I. 573).

Response: The selected genes highlighted in red are among many differentially expressed genes
(threshold p-adj <0.05, fold change >2) listed in the Source Data (tabs: Fig3a, Fig3b, and Fig3c).
Given the number of significant genes, only some genes could be highlighted. We have
mentioned this point in the figure legend (pg. 41).

21) What is exactly the Source Data (I. 961-962)? What do the clusters (1-10) on the columns of
this file correspond to?

Response: The Source Data file contains raw data underlying all figures in the manuscript, as
requested by the journal. Each tab corresponds to an individual figure panel. The clusters (Donor
1 clusters 1-11, Donor 2 clusters 1-10) in the first two tabs denote the gene expression values for
each cluster in Fig. 1c for both donors.

22) Please, revise the following sentence (1.953-956) to better clarify what is presented in Fig. 3d
and what is the meaning of ““certain genes™: ““Heatmap shows z-scored average expression for
all genes in the tissue signature from (d) among the resting CCL5+ 954 T cells from each tissue
and blood sample plus that of the rare blood subpopulation from (d), which expresses high levels
of certain genes™.
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Response: We have altered the text to read *...which express high levels of a subset of tissue
signature genes”.

23) 1 would add x- and y-axis labels to Suppl. Fig. 7a.

Response: The clustergram in Supplementary Fig. 7a (now Supplementary Fig. 8a) is a
symmetric matrix of correlation coefficients. The clusters within the x-axis which are labeled
with a functional module designation are the same as in the y axis.

24) Where is it explained in the Methods how were the diffusion maps built?

Response: We described how diffusion maps were built under the heading “Activation
Trajectory Analysis” in the method section. For clarity, we have changed the heading to
“Activation Trajectory/Diffusion Analysis” (pg. 30).

25) 1 would add the number of samples/replicates to Fig. 5 panels.

Response: The number of biological replicates for all panels in Fig. 5 are stated in figure legends
as per journal guidelines.

26) What is the intended meaning of ““biased™ in the sentence at |. 261?

Response: Our intention was to highlight that the induction and transient nature of IFIT3
expression was more evident in CD4™ T cells relative to CD8'T cells. We have removed the
word “biased” to avoid confusion.

27) How were exhaustion markers quantified as a single variable in Fig. 7?

Response: As described in the Fig. 7 caption, cells are colored by “the average expression of a
set of exhaustion markers (PDCD1, CTLA4, LAYN, LAG3, TIM-3, CD244, and CD160)”.

28) The association between a subset of CD8+ T cells with proliferation markers discussed at .
312-314 would be probably more easily measured and visualized by using the *““proliferation
module” previously identified, instead of the single markers (which might also be sensitive to
dropout).

Response: Our T cell stimulation was relatively short (16h). As a result, the proliferation module
reflects the earliest stages of cell cycle entry (e.g. GOS2 which is a marker of the transition from
GO to G1). In contrast, Ki67 is an established marker of actively dividing cells across multiple
stages of the cell cycle. Our interpretation is that the K167 positive tumor-associated T cells are
at a more advanced stage of proliferation than those marked by our proliferation module.

29) What is the intended meaning of ““relationship’ at I. 3337 Are you referring to
transcriptional/functional differences between the two types of TEM? Please, clarify.
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Response: Our intention was to refer to transcriptional differences between tissue-localized and
circulating TEM subsets and have modified the text accordingly (pg. 16).

30) Throughout the manuscript, | would suggest referring to *““transcriptional profiles’ rather
than “functional states™ of T cells, as the actual functional states were not assessed in the study,
but only the transcriptomes that could underlie them.

Response: Our study identifies transcriptional profiles in the context of a functional response
comparing TCR-activated T cells to unstimulated controls. Thus, these profiles reflect functional
states and changes at the level of transcription. Additionally, there are well established
functional states of T cells, which we used to annotate the gene signatures we identified. For
example, the cytotoxic module contains several genes encoding for well-established functional
markers of cytotoxicity such as perforin and different granzymes. Likewise, the interferon
response module is comprised of well-established IFN-inducible genes, which require

IFNYy signaling for their induction.

31) What is the rationale behind the selection of models with padj >= 0.05 9 (l. 636)?

Response: We wanted to choose a number of factors such that there was not a significant overlap
between factors’ top genes. As p < 0.05 is a standard threshold for significance, we chose the
largest number of factors such that overlap was not significant at a p<0.05 level (ie. p >= 0.05).
We note that a stronger significance threshold like 0.01 would have actually been more
permissive because we are interested in a factorization without significant overlap.
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The authors have satisfactorily addressed my major concerns and I recommend the manuscript for
publication.
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We are submitting a revised version of our manuscript to comply with the journal’s formatting
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